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altered dopamine function in Parkinson’s Disease (PD)
speciﬁcally aﬀects learning from feedback. In patients OFF
medication, enhanced learning from negative feedback has
been described. This learning bias was not seen in observa-
tional learning from feedback, indicating diﬀerent neural
mechanisms for this type of learning. The present study
aimed to compare the acquisition of stimulus–response–out
come associations in PD patients OFF medication and
healthy control subjects in active and observational learn-
ing. 16 PD patients OFF medication and 16 controls were
examined with three parallel learning tasks each, two
feedback-based (active and observational) and one non-
feedback-based paired associates task. No acquisition deﬁ-
cit was seen in the patients for any of the tasks. More detailed
analyses on the learning strategies did, however, reveal that
the patients showedmore lose-shift responses during active
feedback learning than controls, and that lose-shift and win-
stay responses more strongly determined performance
accuracy in patients than controls. For observational feed-
back learning, the performance of both groups correlated
similarly with the performance in non-feedback-based paired
associates learning and with the accuracy of observed per-
formance. Also, patients and controls showed comparable
evidence of feedback processing in observational learning.
In active feedback learning, PD patients use alternative learn-
ing strategies than healthy controls. Analyses on observa-
tional learning did not yield diﬀerences between patients
and controls, adding to recent evidence of a diﬀerential rolehttp://dx.doi.org/10.1016/j.neuroscience.2016.01.060
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INTRODUCTION
Humans as well as animals learn from the positive or
negative consequences of their actions. Single cell
recordings in monkeys revealed that the activity of
dopamine (DA) neurons in the substantia nigra (Sn) and
the ventral tegmental area (VTA) reﬂects a reward
prediction error: The ﬁring rate increased for unpredicted
rewards and decreased for the omission of predicted
rewards, respectively (Ljungberg et al., 1992; Schultz
and Dickinson, 2000; see Zaghloul et al., 2009, for a sim-
ilar ﬁnding in humans). Functional neuroimaging studies in
humans have shown prediction error-related activations in
dopaminergic midbrain structures (Aron et al., 2004;
D’Ardenne et al., 2008), as well as in dopaminergic projec-
tion sites in the striatum, anterior cingulate and medial pre-
frontal cortex (Haber and Knutson, 2010).
Important insights into the role of the DA system in
feedback learning were gained through the examination
of learning abilities in Parkinson’s Disease (PD) patients,
in whom a depletion of DA neurons in the Sn causes a
reduced DA input to the striatum (Kish et al., 1988). PD
patients have frequently been shown to be impaired in
classiﬁcation tasks (e.g. the Weather Prediction Task –
WPT), which require the prediction of outcomes based
on a complex pattern of cues and on feedback concerning
prediction accuracy (e.g. Knowlton et al., 1996). As the
patients perform similar to controls in task versions without
feedback (termed ‘‘observational”), it was assumed that an
intact striatum is critical for feedback learning, whereas the
medial temporal lobe (MTL) plays a more prominent role in
non-feedback-based classiﬁcation learning (Poldrack
et al., 2001; Shohamy et al., 2004a). However,
feedback-learning appears to be not always disrupted in
PD patients (Schmitt-Eliassen et al., 2007; Wilkinson
et al., 2008) and may depend on medication status
(Jahanshahi et al., 2010).
For the OFF medication state, alterations in the type of
feedback learning have repeatedly been described. Frank
et al. (2004) observed an enhanced tendency for learningons.org/licenses/by-nc-nd/4.0/).
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what simpler feedback learning task (see Kobza et al.,
2012), presumably because chronically reduced DA
release facilitated the disinhibition of striatal ‘‘NoGo” cells
following negative feedback, thereby suppressing action
selection in the frontal cortex (Frank, 2005). This negative
learning bias is likely to alter behavior also during trial-by-
trial feedback-based acquisition. But data on the eﬀect of
reduced DA levels on the incremental feedback-based
acquisition of behavior are sparse. Compared to patients
ON medication, Frank et al. (2004) reported more pro-
nounced lose-shift behavior, that is, more frequent
changes to the alternative option after negative feedback
on the previous trial. It is as yet unclear, however, if
lose-shift behavior is elevated in PD patients OFF medica-
tion also relative to healthy controls. Moreover, it has not
been systematically investigated, in how far lose-shift
behavior aﬀects overall acquisition performance. While it
appears to be an advantage to quickly shift the response
strategy after receiving negative feedback, a too strong
lose-shift tendency may also be detrimental in tasks with
probabilistic response–outcome contingencies.
Learning mechanisms appear to critically depend on
whether feedback is given for one’s own or for observed
actions. Kobza et al. (2012) showed that PD patients
OFF medication do not show a negative learning bias
when learning from observed choices and feedback given
to another person, suggesting that feedback processing
per se isn’t compromised by striatal dysfunction in PD,
but the integration of own actions and action-dependent
feedback. Indeed, parts of the (dorsal) striatum speciﬁ-
cally code prediction errors for outcomes following own
(as opposed to observed) actions (Bellebaum et al.,
2012a; Kobza and Bellebaum, 2015). These ﬁndings
appear to indicate that DA depletion in early PD, which
has been suggested to primarily aﬀect the dorsal striatum
(Gotham et al., 1988), has a stronger eﬀect on active than
observational feedback learning, which may manifest
already during the acquisition phase.
The present study aimed to test this hypothesis by
examining the acquisition of stimulus–feedback
associations in parallel active and observational
feedback learning tasks in a group of PD patients OFF
medication whose performance was compared to the
performance of healthy controls. In addition, an
observational learning task without feedback was applied
to investigate, in how far potential learning deﬁcits
depended on feedback processing in general. Based on
our previous work (Kobza et al., 2012), we hypothesized
that a) overall acquisition performance is compromised
in PD patients in active but not observational learning
due to b) elevated lose-shift behavior during active acqui-
sition. For feedback-based observational learning, speciﬁc
analyses targeted imitation and feedback processing as
learning strategies (see Suzuki et al., 2012).EXPERIMENTAL PROCEDURES
Participants
Sixteen PD patients attending the Center for Movement
Disorders and Neuromodulation of the UniversityHospital Du¨sseldorf were recruited between February
2013 and November 2013 from an ongoing long-term
follow-up study. Diagnosis of PD was made according to
the UK Brain Bank criteria (Hughes et al., 1992). The 16
PD patients as well as 16 healthy volunteers, who were
recruited as control subjects, all engaged in three learning
tasks (active, observational with and without feedback).
Demographics and background variables for patients
and controls are listed in Table 1. Mean age, years of edu-
cation, scores on the German versions of the Beck
Depression Inventory (BDI-II; Hautzinger et al., 2006),
the mini-mental state examination (MMSE; Kessler
et al., 2000), and the subtests ‘‘Picture Completion” and
‘‘Similarities” of a short version of the German Wechsler
Adult Intelligence Scale (Dahl, 1986) were comparable
between patients and controls (all ps> .49). Although
the ratio of female to male participants diﬀered descrip-
tively between groups (see Table 1), a Chi-square test
revealed that there was no signiﬁcant group diﬀerence
(p= .479).
Clinical characteristics of the patients including
levodopa equivalent dose (Tomlinson et al., 2010), dis-
ease duration and long-term follow-up are also listed in
Table 1. None of the patients was de-novo or drug naı¨ve.
All were treated with anti-parkinsonian medication includ-
ing L-dopa in 11 of the 16 patients. Testing in the patients
was conducted OFF medication (see Testing procedure
for details). The following exclusion criteria were applied
for the patients: dementia, history of psychiatric disease
(e.g. schizophrenia and mania) or neurological disease
apart from PD, advanced PD symptoms (Hoehn and Yahr
stage 4 or 5), documented or suspected history of alco-
holism and/or drug abuse, (additional) regular medication
aﬀecting the central nervous system, unstable dopamin-
ergic medication within the last two months, and clinical
or diagnostic signs of atypical or symptomatic Parkinson-
ism. For the control participants, regular medication
aﬀecting the central nervous system as well as a history
of psychiatric or neurological disorders and documented
or suspected history of alcoholism and/or drug abuse
led to exclusion from the study. All subjects had normal
or corrected-to-normal vision.
The ethics committee of the Medical Faculty of the
Heinrich-Heine-University Du¨sseldorf, Germany,
approved the study (study nr. 2849). The procedures
used in the study conform to the latest version of the
Declaration of Helsinki. For each study participant
written informed consent was obtained before
behavioral testing started.
The learning tasks
All participants performed three learning tasks in the
present study, two of which were feedback based: In
one of these two tasks, participants learned actively
from their own choices and following outcomes,
whereas in the other task participants learned by
observing the choices and outcomes of another
participant (both tasks resembled the acquisition phase
of the ‘‘probabilistic selection task” described by Frank
et al., 2004 – see below). The third task did not include
feedback, that is, participants learned by observing
Table 1. Demographic and clinical variables, mean and SDs (in brackets)
Group (N) Age (yrs) Sex ratio
(m:f)
Education (yrs) BDI-II score MMSE score IQ (total) LED (mg) UPDRS-III
(OFF)
Disease
duration (yrs)
PD (16) 60.6 (9.9) 9:7 10.4 (1.8) 6.2 (4.1) 29.0 (1.3) 118.9 (8.9) 447 (314) 23.6 (9.0) 4.5 (3.8)
Controls (16) 60.3 (6.8) 6:10 10.9 (1.7) 5.7 (4.4) 29.1 (0.8) 118.6 (5.6) N/A N/A N/A
LED – levodopa equivalent dose.
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pants’ responses and stimulus timing was controlled by
Presentation Software (Neurobehavioral Systems Inc.;
http://www.neurobs.com).
Active learning from feedback. Each of the three
learning phases of the active learning task consisted of
60 trials. In each trial, one of three symbol pairs (AB,
CD, EF; 20 trials per symbol pair) was presented, one
symbol on the left and one on the right side of a
computer screen, with the assignment of symbol-to-
screen side counterbalanced. Participants then had to
choose between the left or right symbol by pressing the
left or right button of a response board, respectively. If
participants did not respond within 3500 ms, the trial was
scored as a miss, and they were prompted to respond
faster. If the button press occurred in time, the chosen
symbol was marked by a surrounding red circle. Shortly
afterward, participants received either positive feedback
(the written German word ‘‘richtig” on the screen –
‘‘correct” in English translation) or negative feedback
(‘‘falsch”, meaning ‘‘incorrect”) for their choice. Fig. 1A
illustrates the time course of events in active learning
trials. The feedback enabled participants to learn which
symbols were followed more frequently by positive
feedback (A: 80%, C: 70%, E: 60%) as compared to the
alternative symbols (B: 20%, D: 30%, F: 40%). Each
learning phase was followed by a test phase, in which
the same symbol pairs were presented, but participants’
choices were not followed by feedback. Thus,
participants had to apply the knowledge they acquired
during the learning phases. Test phases served to
assess learning of stimulus–outcome contingencies in a
comparable way as in the other learning tasks, which did
not involve active choices in the learning phase. Each
test phase consisted of 10 trials per symbol pair, yielding
30 trials in total (see Fig. 1D for the time course of
events in test trials).
Observational learning from feedback. The feedback-
based observational learning task was modiﬁed
compared to previous studies by our group (Bellebaum
et al., 2012b; Kobza et al., 2012) to match the active learn-
ing task (see above) as closely as possible, with both tasks
only diﬀering in the learning phases: In the observational
version, the participants did not choose between the diﬀer-
ent symbols themselves but observed the choices of
another participant. Nine PD patients and eight controls
observed the choices of a (diﬀerent) PD patient, whereas
the remaining seven PD patients and seven controls
observed the choices of a (diﬀerent) control subject. Due
to organizational reasons, the ﬁrst participant of the study(a control subject) observed the performance of a pilot sub-
ject whose data were not included in the analysis.
Each observed choice was indicated by the picture of a
hand below the chosen symbol and the subsequent
appearance of a red circle surrounding the symbol. In
order to see the feedback that the observed participant
received (see the section above) and to ensure attention
to the task, participants then had to conﬁrm the observed
choice within 3500 ms by pressing the corresponding
button (using the left or right button of the response
board). Thus, participants in the feedback-based
observational task learned stimulus–response–outcome
contingencies via feedback to observed choices as
opposed to feedback to own choices in the active version
of the learning task. Fig. 1B shows the time course of
events in feedback-based observational learning trials.
The test phases following each of the three observational
learning phases were identical to the test phases in
active learning (see Fig. 1D).
Observational learning without feedback. The
observational learning task without feedback was
designed to match the learning phases of the feedback-
based learning tasks (see above) as closely as possible.
Here participants did not observe feedback to choices
but choices only. To learn from observed choices,
participants were told that on each trial the ‘‘correct”
choice was indicated by a red circle surrounding the
symbol. Participants then had to conﬁrm the observed
choice within 3500 ms by pressing the corresponding
button. Importantly, the frequency at which each symbol
was chosen as correct corresponded to its probability of
positive feedback in the feedback-based learning tasks
(see above), that is, symbols A, B, C, D, E, and F were
chosen as correct on 80%, 20%, 70%, 30%, 60%, and
40% of the learning trials. Thus, participants in the
learning task without feedback learned the correct
choices by observing which of the symbols were chosen
more frequently relative to the alternative symbols.
Fig. 1C shows the time course of events in
observational learning trials without feedback. The test
phases were identical to those in the other learning tasks.Testing procedure
The aim of this study was to examine the eﬀect of altered
DA levels on active and observational learning
performance. Therefore, all patients were examined in
the morning after overnight withdrawal of
antiparkinsonian medication for at least 12 h (OFF-state).
Before testing, the Uniﬁed Parkinson’s Disease Rating
Scale (UPDRS; Movement Disorder Society Task Force
Fig. 1. Time course of events in single trials. In each learning trial of the active learning task (A), subjects were asked to choose one of two symbols
via button press within 3500 ms. After their choice they received feedback about choice accuracy (‘‘richtig” for right choices, ‘‘falsch” for wrong
choices). In the learning trials of the observational learning task with feedback (B), subjects observed the choices of another study participant and
had to learn from the choices and accompanying outcomes he/she received. After the observed choice observational learners were asked to
indicate the observed response by pressing the corresponding button. Feedback referred to the accuracy of the observed choice. In the learning
phase of the observational learning task without feedback (C), subjects observed the choice of the correct stimulus in each trial, indicated by a frame
(see Methods section for details). Feedback was not given. Finally, the test trials that were used to compare learning success between the diﬀerent
types of learning were identical in all three tasks (D).
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administered (for UPDRS scores, see Table 1). Subse-
quently, each patient completed all three learning tasks.
Control participants also performed all learning tasks. To
rule out eﬀects of task order, the order was changed for
each participant. Furthermore, diﬀerent sets of stimuli were
used for each task in a given participant. Each learning task
existed in three versions, eachwith a diﬀerent set of stimuli.
The assignment of stimulus set to task was counterbal-
anced across subjects. Prior to participation, subjects were
informed that the study purpose was the investigation of
brain mechanisms of active and observational learning.
After written consent had been given, the experiment was
started.Statistical analyses
In each of the three tasks, learning performance was
measured as the number of correct responses in the
test phases without feedback, separately for each
symbol pair and block. For the feedback-based tasks,
responses were considered correct, if the symbol with
the higher probability for positive feedback was chosen.For the observational learning task without feedback,
the more frequently observed choices were considered
correct. SPSS Statistics 20 (IBM Corp., Armonk, NY,
USA) was used for all statistical analyses. A preliminary
analysis involving symbol pair (AB, CD, EF) did not yield
interactions of this factor with group and/or task.
Therefore, to reduce complexity, eﬀects of symbol pair
were not considered and data were pooled across pairs
for the ﬁnal analyses.
In a ﬁrst step, performance between tasks and groups
was compared by means of a mixed ANOVA involving the
within-subject factors Block (1 to 3) and Task (active,
observational with and without feedback) and the
between-subject factor Group (PD patients vs. controls).
Then overall performance accuracy was correlated
between tasks, separately for patients and controls, to
ﬁnd out, in how far performance in the non-feedback
observational learning task was more strongly related to
active or observational learning with feedback in one of
the two groups or in both.
In a second step, data of the two feedback-based
tasks (active and observational) were analyzed in more
detail. For active learning, measures of lose-shift
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computed as the percentage of trials with the same pair of
stimuli following negative feedback, on which subjects
chose the alternative stimulus compared to the trial
before. In order to compare, if an enhanced tendency to
shift was speciﬁc for preceding negative feedback, win-
shift behavior (i.e. shifts after preceding positive
feedback and thus the counterpart of win-stay) was also
assessed. In calculating mean shift measures across
stimulus pairs (and thus feedback contingencies), the
values for each pair were weighted with the frequency
of occurrence. For example, negative feedback was less
frequent for the AB pair then the EF pair. Shift
performance was then analyzed in a mixed ANOVA with
the factors Group and Preceding Feedback (positive vs.
negative feedback on previous trial). We hypothesized
to ﬁnd speciﬁcally enhanced shift behavior after losses
in the patients, being reﬂected in an interaction between
the factors Group and Preceding Feedback.
Then, both measures (instead of win-shift the
counterpart win-stay was used) were correlated with
overall accuracy in the active learning task, in order to
ﬁnd out, if the acquired knowledge was more strongly
based on learning from negative or positive feedback. It
is important to note that overall performance accuracy
was derived from the test trials without feedback and
thus not from the learning trials, from which lose-shift
and win-shift (win-stay) measures were derived.
For observational learning, two analyses were
performed to explore the learning strategies. The ﬁrst
aimed to ﬁnd out, if subjects tended to imitate the
observed choice behavior as one potential learning
strategy. For this purpose, the accuracy data for each of
the three blocks of test phases were correlated with the
accuracy of the observed person in the preceding
observational learning phase, in order to see in how far
observers’ reactions depended on the reactions they
had observed in the preceding block of trials. High
correlations would indicate that observers’ performance
was determined, to some degree, by observed
performance, which would hint at imitation as learning
strategy. Secondly, we analyzed the reaction times
(RTs) of the subjects when they indicated the observed
response with an own button press. The rationale
behind this analysis was that subjects would be slower
for more surprising observed responses. Thus, we
analyzed the observer’s RTs according to the type of
observed response to ﬁnd out if subjects paid attention
to the history of feedback for the diﬀerent choices in
observed behavior. RTs were entered into a mixed
ANOVA with the between-subject factor Group and the
within-subject factors Preceding Feedback (negative or
positive) and Surprise (non-surprising or surprising),
with shift and stay responses being non-surprising,
respectively, after preceding negative or positive
feedback and being surprising after preceding positive
or negative feedback. In this analysis, tracking of
observed responses and the accompanying feedback
would be reﬂected in a main eﬀect of Surprise.
Finally, exploratory correlation analyses were
performed between demographic (age) and clinicalvariables (both patients and controls: BDI score; only
patients: UPDRS score and disease duration) on the one
hand and performance measures on the other hand
(sum of correct responses for every task, win-stay and
lose-shift scores, RTs for surprising vs. non-surprising
observed responses). For all analyses reported, p-values
lower than .05 were considered signiﬁcant.
RESULTS
Learning performance in the active and observational
learning tasks
Mean percentages of correct responses for PD patients
and healthy controls in the test phases of all three tasks
are shown in Fig. 2. The ANOVA yielded a signiﬁcant
main eﬀect of Block, indicating an overall linear increase
of performance accuracy from block 1 to 3 across all
tasks and both groups (linear trend: F(1,22)= 6.402;
p= .017; g2partial = 0.176; see the lower right part of
Fig. 2). All other main eﬀects and interactions including
the main eﬀect of Group and interactions between Group
and Task did not reach or approach signiﬁcance (all
ps> .10). Correlation analyses for overall performance
accuracy between tasks yielded signiﬁcant correlations
between the observational learning tasks with and without
feedback for both patients (r= .521; p= .038) and
controls (r= .679; p= .004). Correlations between the
active and the observational learning tasks did not reach
signiﬁcance for patients or controls (all ps> .300).
For the active feedback learning task, performance
accuracy during the learning trials with feedback was
also analyzed (see Fig. 3A for the percentage of correct
responses in blocks 1 to 3). Analysis with Block and
Group as factors did neither reveal a signiﬁcant
diﬀerence between patients and controls nor a
performance increase across blocks or an interaction
between the factors (all p> .316). Fig. 3B shows the
mean cumulative number of correct responses for
patients and controls in the learning trials with feedback.
Both patients and controls perform slightly above
chance from the beginning of the task with the curve
neither becoming steeper nor ﬂatter, indicating a stable
performance level throughout the task.
Shift performance during active learning
Fig. 4A shows overall performance accuracy for
PD-patients and controls in the active learning task.
Fig. 4B displays the percentage of shift responses after
wins (win-shift) and losses (lose-shift) across all
stimulus pairs. The mixed ANOVA revealed a signiﬁcant
main eﬀect of the factor Preceding Feedback (F(1,30)
= 55.189; p< .001; g2partial = 0.648), indicating more
shift responses after losses, as well as a signiﬁcant
interaction between the factors Preceding Feedback and
Group (F(1,30)= 8.717; p= .006; g2partial = 0.225). While
the groups did not diﬀer signiﬁcantly on win-shift
performance (and thus also not on win-stay, p= .934),
PD-patients scored signiﬁcantly higher than controls on
the percentage of lose-shift responses (t(30)= 2.096;
p= 0.045; d= .741). In order to explore if the pattern of
Fig. 2. Test phase performance. Percentage of correct responses in the three test phases of the active learning task and the observational learning
tasks with and without feedback in PD patients and controls. Data are pooled across the stimulus pairs AB, CD and EF. Error bars represent
standard errors (SE) of the mean. The lower right Fig. presents the mean performance across all three tasks and both groups, illustrating the main
eﬀect of block.
Fig. 3. Performance in the learning trials of the active feedback learning task. (A) Percentage of correct responses in the three learning phases
(error bars represent SEs). (B) Mean cumulative number of correct responses across the three stimulus pairs. The dotted lines indicate performance
levels of 100% correct responses (upper line) and 50% correct responses (chance level, lower line).
Fig. 4. Measures of active feedback learning. (A) Overall performance accuracy (derived from test trials without feedback), (B) win-shift and lose-
shift performance across all trials (both derived from trials with feedback) and (C) separately for the three diﬀerent stimulus pairs in PD patients and
controls. Note that the values in B do not represent the exact means of the values in C, as they are weighted by the number of trials contributing to
the means (see Methods section). Error bars represent SEs.
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shift and lose-shift responses were also considered
separately for the stimulus pairs (see Fig. 4C). Although
the patients’ stronger tendency to shift for preceding
negative feedback was descriptively less pronounced for
the CD pair, the overall pattern was comparable for all
feedback contingencies. Accordingly, adding feedback
contingency as a factor to the ANOVA did not reveal an
interaction with Preceding Feedback and/or Group (all
p> .235).
The analysis of the relationship between win-shift/win-
stay and lose-shift responses (assessed on learning
trials) on the one hand and overall accuracy (assessed
on test trials) on the other hand yielded signiﬁcant
positive correlations for win-stay and performance in
controls (r= .536; p= .032) and, even stronger, in
patients (r= .862; p< .001). A negative correlation
emerged between lose-shift responses and accuracy for
the patients (r= .659; p= .006), but not for controls
(r= .251; p= .348; see also Fig. 5).
Aswaspointed out in the Introduction, the usefulness of
lose-shift and win-stay strategies in terms of overall
performance accuracy varies depending on feedback
contingency. We therefore examined the relationship
between win-stay and lose-shift on the one hand and
performance on the other hand separately for the three
stimulus pairs in exploratory additional analyses for the
two groups. For controls, signiﬁcant positive and negative
correlations were seen between performance of the
easiest stimulus pair (80% feedback contingency) and
win-stay (r= .773; p< .001) and lose-shift (r= .526;
p= .036), respectively. For the other stimulus pairs, win-
stay and lose-shift did not signiﬁcantly correlate with
performance (all ps> .160).
Also for the patients the correlation was most
pronounced for stimuli with the highest feedback
contingency (win-stay: r= .834; p< .001; lose-shift:
r= .635; p= .008). In contrast to the controls,
however, the correlations remained high and (mostly)
signiﬁcant also for the other stimulus pairs. For stimuli
with 70% feedback contingency, the correlations
amounted to r= .690 (p= .003) for win-stay and to
r= .478 (p= .061) for lose-shift, for the most diﬃcult-
to-learn stimulus pair (60% contingency) the respective
values were r= .680 (p= .004) and r= .564
(p= .023).
Observational learning: tracking of responses and
feedback
Correlation analyses revealed a similar pattern of
relationships between observed performance and
observational feedback learning in PD patients and
controls. Overall performance in test block 1 correlated
signiﬁcantly with observed performance in learning block
1 in patients (r= .499; p= .049) and control subjects
(r= .512; p= .043). For blocks 2 and 3, the
correlations were not signiﬁcant in both groups (all
ps> .05).
Two patients had to be excluded from the analysis on
RTs of responses to observed actions, which aimed to
explore if subjects paid attention to the history ofobserved actions and outcomes (see Methods section),
because the person they observed did not perform any
shift responses after wins in the previous trial. Fig. 6
shows the mean RTs for the remaining patients and the
control subjects in the diﬀerent conditions. The analysis
yielded a highly signiﬁcant main eﬀect of the factor
Surprise (F(1,28)= 10.424; p= .003; g2partial = 0.271),
indicating that observed lose-stay and win-shift responses
were followed by reactions with longer RTs in the
observers than the expected lose-shift and win-stay
responses. Both patients and controls contributed to the
above-mentioned eﬀect: It emerged in both groups, when
analyzed separately (p= .044 for controls, p= .020 for
the patients). All other main eﬀects and interactions, also
those with the factor Group, did not reach signiﬁcance (all
p> .110).Correlations between demographic and clinical
variables and performance measures
For both patients and controls, neither age nor BDI scores
correlated with any of the performance measures derived
from the learning tasks (all p> .05). For the patients,
disease duration was negatively correlated with win-stay
performance (r= .618; p= .011), indicating that win-
stay responses were less frequent with more severe
symptoms. All other correlations between disease
duration and performance measures and all correlations
between UPDRS scores and performance measures did
not reach signiﬁcance (all p> .05).DISCUSSION
This study aimed to examine the impact of reduced DA
levels on the active and observational acquisition of
stimulus–feedback associations. Unmedicated PD
patients and controls engaged in three parallel
probabilistic learning tasks, two feedback-based (active
and observational) and one non feedback-based. The
comparison of overall acquisition performance did not
yield any impairment of the patients relative to controls,
neither overall, nor speciﬁc for any of the tasks. Further
analyses of the feedback-based tasks revealed,
however, that PD patients diﬀered from controls in the
strategies of active feedback learning. They showed
signiﬁcantly more lose-shift responses, indicating
enhanced sensitivity for negative feedback compared to
controls, while win-shift (and thus also win-stay)
performance did not diﬀer between groups. Lose-shift
behavior in the patients correlated negatively with
overall performance accuracy, whereas a stronger
positive correlation with performance accuracy was
found for win-stay behavior than in controls. For
observational learning with feedback, performance for
patients and controls correlated with observed
performance, hinting at the use of imitation as a learning
strategy at the beginning, but not during later phases of
the task. At the same time, prolonged RTs for
unexpected compared to expected observed responses
showed that subjects also paid attention to the history of
outcomes the observed person received and thus used
feedback to guide their behavior. Importantly, both
Fig. 5. Correlations for active learning with feedback. Correlations between overall performance accuracy (derived from test trials without feedback)
and win-stay and lose-shift performance (both derived from trials with feedback), separately for patients and controls.
Fig. 6. RTs in the observational learning task with feedback. In observational learning, subjects were asked to indicate the observed choice with an
own button press. RTs for these responses to observed behavior are shown according to the type of response relative to the previous trial in the
same condition (shift or stay), based on the feedback in that previous trial.
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which is compatible with the notion that the strategies in
observational feedback learning were similar in both
groups.Spared acquisition in PD patients
Spared overall acquisition performance in PD patients
OFF medication in the present study was unexpected,
but is in line with some ﬁndings from the literature
showing that general feedback learning impairments in
PD, if present at all (Schmitt-Eliassen et al., 2007), are pri-
marily seen in patients ON medication (Knowlton et al.,
1996; Shohamy et al., 2004b; Wilkinson et al., 2008;
Jahanshahi et al., 2010). At the same time, some of the
studies reporting deﬁcits in patients ON medication may
have included patients with more advanced PD compared
to the present study. In the study by Wilkinson et al.
(2008), for example, the average disease duration
(12.3 years) was much longer than in the present study
(4.5 years), although they included only patients with mild
or moderate PD (Hoehn & Yahr stages I to III) as wasdone in the present study. The sample tested by
Jahanshahi et al. (2010) did not only include patients with
mild to moderate PD, and disease duration in their sample
was even longer. Testing these patients ON and OFF
medication they showed, however, that medication exhib-
ited a detrimental eﬀect on performance, so that, overall,
medication and disease severity may both play important
roles when considering feedback learning abilities in PD.
A further factor contributing to the inconsistency in the
literature is probably the type of learning task. Most
studies on non-motor learning in PD applied
classiﬁcation tasks, which are considered to reﬂect non-
declarative learning due to their probabilistic nature and
the complex cue structure. The present study also
entailed probabilistic stimulus–outcome associations, but
the cue structure was less complex. Interestingly,
remaining learning abilities of PD patients are based on
more declarative learning strategies compared to
controls (Shohamy et al., 2004b), which rely on associa-
tions between single cues and outcomes and have been
linked to medial temporal lobe processing (Poldrack
et al., 2001; Myers et al., 2003; Foerde et al., 2013a,b).
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have helped PD patients to reach a comparable perfor-
mance level as controls using declarative learning strate-
gies (see also next section). Although the notion that PD
patients make stronger use of declarative learning strate-
gies than controls remains somewhat speculative at this
stage, it is in line with a study by Moody et al. (2004),
who reported that PD patients, while successfully per-
forming the WPT, recruit medial temporal lobe structures.
Enhanced lose-shift performance in PD patients
Despite overall spared acquisition performance in the PD
patients, the patients showed an increased tendency to
shift to the alternative response on the next trials
relative to controls, which was speciﬁc for preceding
negative feedback. This ﬁnding, which we demonstrate
for the ﬁrst time in PD patients OFF medication relative
to healthy control subjects, has been associated with an
elevated tendency to learn from negative feedback
(Frank and Kong, 2008), which has repeatedly, but not
always, been described in PD patients OFF medication
(Frank et al., 2004, 2007; Kobza et al., 2012). Importantly,
the (negative) learning bias is typically assessed in a
transfer phase after successful acquisition in trials without
feedback. Attempts to dissociate the eﬀects of DA level
alterations on learning and transfer phases yielded evi-
dence for a DA eﬀect on response selection during the
transfer phase rather than on learning per se (Shiner
et al., 2012; Smittenaar et al., 2012). Lose-shift perfor-
mance, instead, is derived directly from the acquisition
phase and thus reﬂects the processing of the recent his-
tory of outcomes. An enhanced lose-shift tendency as in
the PD patients of the present study thus provides direct
evidence for enhanced learning from negative feedback
during the incremental acquisition of behavior, induced
by a lack of DA.
The decision whether one should stay with the same
or shift to the alternative response depending on the
type of feedback in the preceding trial requires constant
updating of the history of responses and outcomes. It is
likely that declarative learning and decision processes in
the sense of explicit if-then rules play an important role
in this behavior. At the same time, it depends on choice
accuracy and feedback contingency on a particular trial
if the win-stay and lose-shift strategies are beneﬁcial.
The more probabilistic associations between responses
and feedback are, the more are non-declarative
strategies likely to be applied. A general increase in the
number of lose-shift responses in the PD patients of the
present study might thus reﬂect the stronger use of
declarative strategies. Win-stay behavior was not
elevated in the patients, possibly because the level of
win-stay responses was generally high in both groups.
Win-stay behavior in the patients was, however, more
strongly correlated to overall performance accuracy as
in controls, suggesting that patients’ learning was
determined more strongly by the use of this strategy
than learning in controls. A negative correlation between
disease duration and the use of the win-stay strategy
questions its role as declarative compensation strategy
in PD, however. Future studies will have to explore therelationship between declarative/non-declarative strategies
and win-stay and lose-shift strategies.Strategies of observational feedback learning in PD
patients and controls
Previous work by our group has shown that the neural
mechanisms for active and observational learning from
feedback diﬀer to some extent (Bellebaum et al., 2012a;
Kobza et al., 2012; Bellebaum and Colosio, 2014; but
see Cooper et al., 2012; Liljeholm et al., 2012; Morelli
et al., 2014 for similarities). The mechanisms that specif-
ically underlie observational learning have, however, not
been studied in detail yet. In the present study, signiﬁcant
correlations were seen between performance in observa-
tional learning with and without feedback. The latter type
of learning was shown to recruit medial temporal lobe
structures (Poldrack et al., 2001; Shohamy et al.,
2004a). A correlation with performance in feedback-
based observational learning might thus mean that this
type of feedback learning also recruits brain systems for
declarative processing. Along similar lines, performance
in the ﬁrst block of the observational feedback-learning
task correlated signiﬁcantly with observed performance
in both groups of subjects. At the beginning of the task,
subjects thus imitated observed responses. On the other
hand, there was also evidence of feedback processing in
patients and controls in observational learning, as has
been suggested in recent imaging work (Suzuki et al.,
2012). Subjects of both groups showed enhanced RTs
for responses to unexpected observed responses, which
were determined based on the history of observed
responses and feedback. Importantly, none of the analy-
ses targeting the learning strategies of observational
feedback learning yielded diﬀerences between PD
patients and control subjects. In the light of the diﬀerences
in strategies for active learning, this appears to suggest
that the striatal pathology in PD diﬀerentially aﬀects active
and observational learning from feedback.Limitations
Due to the diﬀerent nature of the active and observational
feedback learning tasks, analyses on learning strategies
could only be conducted separately for the two learning
conditions. As outlined above, these analyses yielded
diﬀerences for active, but not observational learning.
While negative ﬁndings need to be interpreted with
caution anyway, the relatively small sample size of 16
patients and controls can be considered a limitation in
this respect. On the other hand, evidence for the
application of speciﬁc observational learning strategies
was derived from signiﬁcant correlations and ANOVA
eﬀects, which were obtained also, when patients and
controls were analyzed separately and which were
strikingly similar between both groups.
Another limitation might be the absence of a test
condition in the ON medication state. The focus of the
present study was on eﬀects of a lack of DA, however,
as for this condition, but not for the ON medication
state, there were hints toward altered shift behavior
during acquisition (Frank et al., 2004). To date, enhanced
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ative to the ON medication state and we thus wanted to
know if this behavioral tendency also occurred in compar-
ison to healthy controls and in how far it aﬀected overall
acquisition.
The fact that the same subjects completed all three
learning tasks may have had an impact on the results.
In particular, it may have contributed to the negative
ﬁnding concerning an acquisition deﬁcit in the patients
and to the overall ﬂat learning curves. Although the
tasks diﬀered in some details and diﬀerent versions with
diﬀerent stimuli were used, it cannot be excluded that
there were some practice eﬀects, as the overall task
structure was similar. Also, eﬀects of the within-subject
design on strategy application are conceivable. As such
eﬀects should have aﬀected patients and controls alike,
it seems unlikely, however, that the group diﬀerences
for strategies in active learning and the absence of such
diﬀerences in observational learning were related to the
study design.
Finally, the type of feedback used may have aﬀected
feedback processing and feedback learning in the
present study. We used performance feedback, merely
informing the subjects about choice accuracy, mainly
because many previous studies on feedback learning in
PD applied similar types of feedback (e.g. Frank et al.,
2004; Wilkinson et al., 2008; Jahanshahi et al., 2010;
Kobza et al., 2012). Moreover, Aron et al. (2004), using
functional neuroimaging, have shown that the processing
of ‘‘cognitive feedback” also recruited midbrain reward
structures, suggesting that the general processing mech-
anisms are comparable for monetary and more abstract
forms of feedback.Conclusion
The main new ﬁnding of the present study is that PD
patients OFF medication, despite spared overall
acquisition performance, show increased lose-shift
behavior during active feedback learning, in line with the
notion that a lack of DA input to the striatum leads to
enhanced learning from negative feedback. Although
win-stay behavior was not altered in the patients,
acquisition performance correlated more strongly with
win-stay behavior in patients than in controls. Moreover,
high positive (negative) correlations between win-stay
(lose-shift) behavior and overall performance accuracy
throughout conditions with diﬀerent feedback
contingencies might indicate that PD patients’
performance depended more on the use of declarative
strategies than in controls. For observational learning
from feedback, no diﬀerences between patients and
controls were found; neither in overall acquisition
performance, nor in additional analyses on learning
strategies. This ﬁnding supports recent evidence that
striatal pathology in PD aﬀects active learning more
strongly than observational learning from feedback.ROLE OF THE FUNDING SOURCE
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